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Outline

This talk will cover

-> Evolution of DNNs for jet identification

% adeep overview of gained experiences from the prior
developments

=> Transformer models for jets

\/

“* how to adapt Transformer networks to jet physics?

% advances & application examples

% futureinsights
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Jets in particle physics

Jets are collinear sprays of particles initiated by quark/gluons

raw data from tracker & calorimeter
y > reconstruct to particle records (particle-
flow candidates in CMS) to cluster jets

. . \
showering  hadronization Y

hadronic

decay = stable hadrons

Jet identification (jet tagging): identify the origin of the jet
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Question: How to design a most performant jet NN?

-> Thisis a highly physics-ML interdisciplinary subject

original of the
jet?

other jet
properties?

research objective:
design a most performant jet NN
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Evolution of jet NNs

feed-forward NN (high-levelinputs) « = « +»=« <+ 1D/2D CNN, RNN  (low-level inputs) =<« « »--- graph NN, Transformers — +«+«- Beoo 727

(low-level inputs)

Shallow networks

4+ Using high-level features
directly as inputto a
shallow network
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Evolution of jet NNs

feed-forward NN (high-level inputs) + « < + %<+ - 1D/2D CNN, RNN (low-levelinputs) «+«««+»-<- graph NN, Transformers =<+« <»--- 27
(low-level inputs)
particles, ordered by pr Fully
connected N Output
1 | B |
Shallow networks Deep NN with low-level inputs
4 Using high-level features 4+ Using particle-level features
directly as input to a 4 Input data structure determines
shallow network the type of networks
« jetasaimage (fixed-grid data
structure)
« jetasasequence-> 1D CNN or
RNN
® @
E E nnnnn 1
o — - —_—
A I e A
XD i - PPEDG .
IR S S
Typical CNN Typical RNN
zZx 11 January, 2025 6
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Evolution of jet NNs

.....»... ??

feed-forward NN (high-levelinputs) « = = <»+ - - 1D/2D CNN, RNN (low-levelinputs) ««+«<»++  graph NN, Transformers

(low-level inputs)

. Particles
]
O < particles, ordered by pr Sl Fully
connected | | Output
O " Secondary Vertices 1
: | IE |
Shallow networks Deep NN with low-level inputs

4+ Using particle-level features

4 Input data structure determines
the type of networks

4+ Using high-level features
directly as inputto a
shallow network
« jetasaimage (fixed-grid data
structure)
« jetasasequence-> 1D CNNor
RNN

]
H —
] b o 4
) g | Ry 1
; r : : o
[ — sicyeie
00
00 0.5 10 15 20 25 FULLY
182025 || 7 INPUT  CONVOLUTION +RELU  POOLING  CONVOLUTION + RELU POOLING  FLATIEN U, SOFTMAX
Relative 7 PN ~ 5 Xt
4

Typical CNN [el=ilei=ias Typical RNN deficiency:
introduce artificial order

has information loss,
brings data sparsity hard to capture long-term dependencies 6
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Evolution of jet NNs

feed-forward NN (high-levelinputs) « + = +®++«+ 1D/2D CNN, RNN  (low-level inputs) =<+ »... graph NN, Transformers - - - -»--- 7?7
(low-level inputs)

Particles
&I ;m coni:lélcyted Output E‘" ’ ® xh".\ <. e e X,’?% e?i..
Shallow networks Deep NN with low-level inputs Graph structure
4 Using high-level features 4+ Using particle-level features 4+ Graph neural networks
directly as input to a 4+ Input data structure determines « treata jetasapermutational-
el el the type of networks invariant set of particles (or, point
cloud)

* Jetasaimage (fixed-grid data  build “edges” between particles

structure) T ¢ - .
« jetasasequence-> 1D CNNor ranstormer Networks
RNN « modern architectural designs - act like

a “fully connected graph”

\7 H === : A _(T)T:i r_.*" A - | /b 3
< : : : Illi;.\clii | < . O’o\‘ ) o\,
& o o /7
Xee » ,
FEATURE LEARNING CLASSIFICATION o/ | (
Typical CNN Typical RNN v o
Typical graph

Conggiao Li (Peking University) 2FITENATSES eI Y FidTs 11 January, 2025 7



BEFITEIATSES SEYIBER Y FITE Transformers for jet identification in particle physics

Set/graph representations of jets

-> View input particles as a set/graph

R/

“* guarantee the permutational invariance of input particles

% aspecial stage in jet network developments

-> The edges of graph: enable communication between pairs of particles

Hierarchical trees: Fully connected graph Locally connected graph
Set: no edges . . . b rod
decay chain i.e, connect each node i.e., connect each node
jet clustering history to all other nodes only to neighbor nodes
k-nearest neighbors
® fixed radius
o0 ; 2N
static
9
oo
X

\ . \
¢ q | )/ (dynamically) learned
0 7
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o °
Set/graph representations of jets

-> View input particles as a set/graph

"

¢ guarantee the permutational invariance of input particles
% aspecial stage in jet network de

-> The edges of graph: enable com particles
V
Hierarchical trees: Fully connected graph Locally connected graph
Set:no edges decay chain i.e, connect each node i.e., connect each node
jet clustering history to all other nodes only to neighbor nodes
k-nearest neighbors
® fixed radius
0 ~
.. static
°@

. \
7%)/ (dynamically) learned
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Transformer x jet network?

Attention in Transformers

Particle 1 Particle 2 Particle 3

Particle i
(repeat for each 1...N.

=

softmax

=> Transformer (Google, 2017): unifies the 3w, o, mw, o
architecture designs across the tasks

¢ initiated in NLP, then extended to 1% []:| Vi []:| Vv, - Vv,

computer vision (started by ViTs)

-> Benefits:

% efficiently learn relations of tokens

Z w;V; = new feature for particle

J
% scale well on larger datasets

% > achieve new state-of-the-art Each token (particle) talks to every other token
performance Same prototype across the fields
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ParT: better adapt Transformers to jet data

-> Transformer tailored for particle physics (e.g. jet tagging)
» featuring its “attention bias” that embed pairwise features respecting

different levels of Lorentz symmetry

H. Qu, CL, S. Qian. ICML 2022

3

)

S

S

~...... E
A &

Embedding
c

A = > 5 ¢ [p-MHA Y ( SoftMax )
=/ (Ya — ¥6)? + (¢a — $)?,
k. _ o A ( MatMul ’.“ )

T = min(pr,q, pr,p) A, : HAM’ , =5 U >

z = min(pr,a, p1,6)/ (P1,0 + P10,
m? = (Eq + Eb)2 — |pa + pr27

P-MHA(Q, K, V) = SoftMax(QK ™ /\/dj, + UV,

and many other
possible pairwise
features...

, Injection of (physics-inspired) pairwise features to
' “bias” the dot-product self-attention
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Backgrounds on symmetries and inductive biases

-> Inherent symmetries of the dataset » inductive bias to improve NN performance
(CNN’s advantage)

I(z) (1]
X boost +
7
—
Translation
(of image patches)
\\.\ - --3{/ i

e ¢
YA ) ////'
- ' \"]\ ;\\&\‘ ////
b \{\ \a\ VI T/ < -
° ’.\.\.\.‘.Qh a Q\\\\\Q\\M} /4 // X y
b /N %///Z/ .
%. : AL rotation
o
|

Permutation (of particle records)

Lorentz transformation

-> Jets have symmetries under permutations &
Lorentz transformations

PRD 109, 056003 (2024)
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The ParT “engineering blueprint”

Plain Transformer

+ Inductive bias

for particle-format data

Permutation invariance: no particles’ positional embedding
Lorentz invariance: pairwise masses injected as attentive bias

Particles as tokens

(solution is close to AlphaFold)

Particle 1 Particle 2 Particle 3
Particle i
K |:. |:. |:. (repeat for each 1...N;
| | | 7
: : : =

0/K/\d
softmax /
=1 A = /(Yo — y)2 + (Pa — #5)?,
- kr = min(pr,a, Pr,)A, U -
8w, B w, | w3 z = min(pr.q, pr)/ (Pra + Prp); 52
m? = (Ea ar Eb)2 - ”pa ol pr2v

%4 I:|]:| Vl I:|]:| V2 - V3 and many other

possible pairwise
features...

P-MHA(Q, K, V) = SoftMax(QK” /\/d\, + U)V,

Injection of (physics-inspired) pairwise features to
Z ijj = new feature for particle i ' “bias” the dot-product self-attention

J
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Advances in Transformer models

AN APy B e s e PGPS

P e =

1 Better scalmg capablllty W|th model & dataset sizes

= R NSNS IE R iR ek, TR

ARSI

All classes H—sbb H—cce H-—gg H—4q H—lvgy t—bgyd t—blv W —q¢d Z—qq
Accuracy  AUC  Rejsoy,  Rejsoy  Rejsoy  Rejgog, Rejggg, Rejson,  Rejggs,  Rejgor,  Rejsoy
ParticleNet (2 M) 0.828 0.9820 5540 1681 90 662 1654 4049 4673 260 215
ParticleNet (10 M) 0.837 0.9837 5848 2070 96 770 2350 5495 6803 307 253
ParticleNet (100 M) 0.844 0.9849 7634 2475 104 954 3339 10526 11173 347 283
ParT (2 M) 0.836 0.9834 5587 1982 93 761 1609 6061 4474 307 236
ParT (10M) 0.850 0.9860 8734 3040 110 1274 3257 12579 8969 431 324
ParT (100 M) 0.861 0.9877 10638 4149 123 1864 5479 32787 15873 543 402

H. Qu, CL, S. Qian. ICML 2022

Dataset size scaled up
JetClass: dataset reaching 100 M entries
- close to real experimental situations

performance improvements: ParT > ParticleNet

ParT-lite ParT-B ParT-L (GloParT)
. Input embed. dim. (64,256, 64) (128,512, 128) (256, 1024, 256)
Model size scaled up Pairwise feat. embed. dim. (32, 32,32,8) (64, 64,64,8) (128, 128, 128, 16)
. Transformer dim. 64 128 256
Larger ParT mo‘del to build Number of heads 3 3 16
real jet taggers in CMS Fully-connected layer dim. (512, 316) (1024, 316) (1024, 316)
(Global Particle Transformer, Initial LR 675 % 10-3 4% 10-3 2% 10-3
GloParT) Batch size 768 512 256
Epochs 30 50 50

Conggiao Li (Peking University) EFITENATISESSEMERX TS 11 January, 2025
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Advances in Transformer models

1. Better scaling capability with model & dataset sizes 5?“

=> ATLAS/CMS “flagship” small-R jet taggers have all switched to the Transformer
architectures (with training dataset size reaches o(100M) level)
% huge progress has been made from 2016 (early Run-2) to 2024 (mid-Run3) !
(rejection rate of c-jet & light-jet, for b-tagging)

x50 rejection on light-

ATLAS jet background

EXPERIMENT 190 CMS S/mulat/on Prellmmary 13. 6 TeV
gl T 7T T T 1T T Ty T T kT F T EpF T F 7 9]F T3
N e e o i
"OF ATLAS Simulation Preliminary 12500 s | “eve”Ts e Gev. Inl < 24, 4 70%
50 L VS =13 TeV GN2 o 100|- Bl c jet rejection Tt
- _ — udsg jet rejection g ]
tt jets, &p = 70% 42000 ~ -% | Run 1 Run 2 Run 3 = ]
c 50 O 801 i i x61 .
R ¥ H g i | | +10°
S a0F i Run 3 reco ~1500 & i : 1
S - 1 - 60 i i
— . ] "q—)‘ : i x6.1 5 )
q—)‘ 30 X DL1d 11000 _C*'-' i a3 —510
O X T 9 40 B x1.0 : ]
20f ] = - ]
- 1 i |41
10f 1°% 4 I "
ot 1o [ L L l 1100
2017 2018 2019 2020 2021 2022 2023 O CSWi  CSWv2 DeepCSVDeeplet  PNET _UParT  UParT 10
Year —0 14)
ATL-FTAG-2023-01 ol CMS-DP-2024-066

Latest ATLAS tagger for small-R jets:

Transformer-based GN2 Latest CMS tagger for small R jets:

Unified Particle Transformer (UParT)
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Advances in Transformer models

2. Building comprehensive / base / fo

. S i il

undation HEP models |

-> The ultimate goal: design a unified HEP model to analyze jets/events:
% comprehensive phase space coverage
% one model handling all tasks - multimodality

-> Engineering solutions:

% self-supervised learning to learn jet representations

% hybrid (multimodal) training across tasks: jet tagging, property regression, reconstruction/
generation...

% Model pre-training followed by “fine-tuning” to downstream tasks

Recent work examples:

(a) Pre-training
=128 N, = 188 classes

latent

Cross Entropy Loss 0

' | | 5
C".ﬂZZZ"k CEE Sophon model ) K
(main structure)

’ ::

‘_94— pu||p2 s | |Ps
T

C

e | e -. (&) Usage 1
N * f4 4 ositional ‘ : 4 Tte
/— — | DROE - rin new layers] of discr =5 =S
Original Jet Set of Particles Mask \E) Consmcﬁng
Transfer learning I discriminants

OmniJet-a Masked Particle Modelling Sophon model p-jepa
(GPT'l'k?’ next-tokgn prediction  (SSL with Masked (giant classifier for full jet (jet embedding prediction)
to learn jet properties) autoencoder (MAE) style) phase space coverage) seee.g. H. Qu’s talk
MLST, 5 035031 (2024) 2401.13537 2405.12972
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AN APy

B e

PANGTAAy R e

2. Bmldlng comprehenswe / base / foundation HEP models

SEIETE v AIZIT L Sl i SRAS TR R 5 e e e RSO Q=R i il SRRSO I
Mat ] tal soluti
b 0.163 0.033 0.025 0.004 0.003 0.002 0.003 0.002 0.002 0.017
b 10.170 FREM 0.026 0.033 0.003 0.004 0.003 0.002 0.002 0.003 0.018
GloParT 3 Categorlzatlon ¢ {0.015 0.014 RZEY 0.055 0.036 0.031 0.025 0.009 0.009 0.018 0.043
. ¢ 40.016 0.015 0.056 BREE] 0.032 0.037 0.009 0.026 0.017 0.010 0.043
H->ZZ" like 1.0 ¢
. H>WW-* like A .
HO::5X1X2 (2-prong) like H>WHW like T H->Z(™"Z() like H->2ZZ like v ) - v — oy s w v 5 40.003 0.002 0.020 0.018 [FE¥E] 0.102 0.030 0.080 0.063 0.045 0.092
15 classes (74x3 classes) H>Z'Z¢) like . i + gt g0 i
( ) (Logsclasses) Ho>W*W®) like 7 2 effﬂavor tagging with £, K=, KL/S id. é 5 40.003 0.003 0.018 0.020 0.102 [X¥PH0.084 0.028 0.045 0.062 0.094
) ? - ) = e sesagpasss
HOx ? w ? H %
H ? * kE KO | 1 {0.002 0.003 0.020 0.011 0.044 0131 0.055 0.080 0174 0.111
—< 5 ; ? 08 N . Pcharge f||p Wlth l K L/S |d.
: W 7 VA ? ftea,, T 0.003 0.003 0.011 0.019 0.132 0.043 0.062 0.178 0.081 0.111
.
: *
bb ¢, ss, qq (bc)+ (bC)’ bS bbbb, bbcc, bbss, bbqq, cccc, ccss, ccqq, ssss, ssqq, qqqd,
, CC, SS, 44, s , DS, cscs, €504, 4994 i, o e 5 e d {0.003 0.003 0.012 0.019 0.112 0.092 0.082 0.207 0.079 0.112
- s ,
(cs), (cs)-, g8, ’ qqc, 9ds, qqd, 3 0.092 0.112 0.076 0.079 0.113
VY, €€, Ui, ThTe, ThTy, ThTh €S, ¢ss, €sq, 9q¢, 49s, 994, bbee, bbuy, bbe, bby, bee, by, bbTTe, bbThTy, bbTrTh, bThTe, 3 40.003 0.003 0.020 0.012 0.092 0.112 0:219 0.076 o. X
, €€, UM, y »
Csev, qqev, Cspv, qquv, Cstev, brimy, bTimy, coee cci, cce, ccu, cee, cll, cCThTe CCThT, G {0.015 0.014 0.024 0.024 0.052 0.052 0.043 0.041 0.034 0.034 (NI}
CCThTh, CThTe, CThTy, CThTh, SS€E, SSUH, SS€, SSH, See, SUM, SSThTe,

Ho’i-)wx;[xz like qqTeV, CSTuV, qqTuV, CSThY, qqThV

(40 classes)

SSThTy, SSThTh, SThTe, SThT, STHTh, G€€, UK, qge, qqH, qee,
QHH, GqThTe, QqThTy, GGThTh, GThTe, GThTy, QThTh

’ t->bW like tsbW- like
‘0 (17%2 classes) il
H h J; t>bW- like QCD
e 7 ZWW% ; (5 classes)
! qble)
YYbb, yvce, yyss, yvag, yybe, yycs, yvba, yyeq, yysq, b M goie) """
qle
YYEE, YVee, YYmm, YYThTe, YYThTy, YYThTh, bWcs, bWqq, bWc, bWs, bWg, bWev, a g a
YYb, YYC, YVS, Y4, YYE, VY€, YYM, YVTe, YWTu, YW Th, bWy, bWTev, bWT,v, bWThv, @ ) Y
Ybb, yce, yss, vqq, ybe, ves, vba, yeq, ysq, vgg, Wes, Wqq, Wev, Whv, Wrev, Wy,
Yee, ymm, YThTe, YThTy, YThTh WThv bb cc b c Others
,CG, D, ¢,

0.0 —

Global Particle Transformer (GloParT) in the CMS experiment
(the giant jet model for tagging + mass regression)
- Sophon’s CMS realization

Conggiao Li (Peking University)
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Predicted

universal jet-origin identification
solution (for all quark flavours and
charges) for CEPC

HLiang,Y Zhu et al. PRL. 132, 221802

11 January, 2025 1 6


https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.132.221802

EFITENATESR

AES SREMER RIS

Transformers for jet identification in particle physics

Future insights: boundary of jet identification?

ATL-PHYS-PUB-2023-021

=> The statistical essence of classification via DNN is to let the network to fit the underlying pdf ratios:

Pa(X)/pp(x)

% better DNN architectural design + training strategy - better estimation of pdfs

-> We have seen consistent improvements over the past 5 years, but there is no sign that boundaries are

reached

-> Understanding the boundary is crucial! (e.g. 2411.02628)

ATLAS

Background rejection

Top ratio

Multijet ratio

10°

EXPERIMENT

e e
L ATLAS Simulation Preliminary

—— Dxwp
I Vs =13 TeV, Anti-ky R=1.0 UFO jets —— 2VRDEM ]
£ pr>250 GeV, 50 < m; <200 GeV, |n| <2 DG2X

—Smmae.. el
____________
~~~~~~~~~
=2

N -~
~— S
~. ~—— ~—
~. ~—— -
~. —— ~.

..
~
~.
~

~.
.
~

— Top

----- Multijet
I P | |
T T T T ]
I I I L o ]
: : : T ]
........................................ i
e N S i
r H
N
4
I e g
e T —— Fa
[ i . | , 1 S— ]
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Consistent improvements seen; no boundaries reached

CMS-PAS-BTV-22-001

CMS, |

100 CMS Simulation Preliminary (13 TeV)
g TN AT I IR A JINST 15 (2020) PO6005
(- i g Vs
) : (13 TeV)
:(:) B pT > 600 GeV, Inl < 24 > 1 E T T T T T T T T T T T E
= - 90 < mgp < 140 GeV 2 - CMS
_ (] B . .
- 107F (3] [ Simulation
% % 10 Higgs boson vs. QCD multijet |
o o E 1000 < P> <1500 GeV, h®™" <2.4 E
Q g [ 90 <mgy’ <140 GeV
O =
® 1021 o
m g‘; .
) 10°F —
©
(a8]
107 —— ParticleNet-MD bbvsQCD 1023
] E — DeepAK8
— DeepDoubleBvL 1 - | s} --- DeepAK8-MD E
: DeepAK8-MD bbvsQCD - v ’ —BEST
/ double-b i i / — double-b
_4 { | f . . ‘ . . . ‘ . . ) ‘ ) ) ) 10_4 1 1 1 l1 1 1 | 1 1 1 | 1 1 1 | 1 1 1
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Signal efficiency Signal efficiency
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Future of analyzing hadronic events?

—> Jet data / hadronic events are more complex

objects to analyze than thought

R/

“* not easy to touch the boundaries

-> Small improvements have a large impact in the

scientific result

% popular metrics are classification accuracy/AUC,
where usually small improvement is seen, but what

is crucial is the “background rejection rate” (1/€p)

< i.e.atthe working point of TPR (eg) ~ 0.5, but

FPR (ep) ~ le-3

R/

* FPR suppressed by x2
> discovery sensitivity x/2

-> Capabilities to analyze hadronic-final-state
processes (at the LHC) have been underestimated

Conggiao Li (Peking University)
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[ ]
100 CMS Simulation Preliminary (13 TeV)
B T T T ’ T T T - ’ T T T ’ T T T ’ T T T ]
" H— bbvs QCD *
L pr>600GeV, Inl<2.4
- 90 < mgp < 140 GeVn
o] :
[ |
[ |
| |
| |
[ |
| |
[ |
10-2F -
B
[ |
| |
| |
i
[ |
[ |
1081 ‘ .
- " —— ParticleNet-MD bbvsQCD 7
- w  — DeepDoubleBvL ;
: DeepAK8-MD bbvsQCD -
- double-b |
1 _4 L L L L L L u , L L L , L L L , L L L
0.0 0.2 D.4 0.6 0.8 1.0
:
[ |

Signal efficiency

Here is the working
point of our
concerns
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Conclusion and outlook

-> Transformers have revolutionized the entire Al field, including their
applications in HEP-ex and jet physics
% jettagging performance is brought to a new level
> ParT is a baseline model (Transformer arch w/ proper inductive biasing)

*  engineering experiences are acquired and overviewed in this talk

—> Next up?
% Improving Transformers?
- efficient Transformers (address the o(N?) computation cost in self-attention)

>~ betterinductive biasing (e.g. relaxing pairwise embedding: L-GATr 2405.14806, 2411.00446;
new embedding solution: MIParT CPC. 49 (2025) 1,013110 )

% Better pre-training of jet Transformer models?

> Current solutions are very open (self-/semi-/fully-supervised? variation of training

targets)
— always note that improving jet-analysis performance is the only criterion!

> Need insights from the Al experts!

Conggiao Li (Peking University) EFIHHEMAIERS SEMEZIXTHTES 11 January, 2025 19


https://arxiv.org/abs/2405.14806
https://arxiv.org/abs/2411.00446
https://arxiv.org/abs/2407.08682
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Backup
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Statistical essence of jet tagging problem

—> Question: where is the limit of jet tagging?
-> Answer: the probability density ratio of two classes provides the optimal tagging

class 2
I.-Ilgh-dlmensmnal class 1 Py(X)
Jet phase spaces
p1(X)
X0
O
i R

>

¢ ldeal classifier network
results in

.. class1

W The optimal
2 +class 2 i i i i
7 BN o % Itis adirect estimation of p
ey, ||| P < The network capacity decides
R N . . .
gt 4 how close the estimation is
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A glance into fine-tuning spirits

the pre-trained
Transformer
network

customized scores!
(optimized for analysis)

train a BDT or NN

the pre-trained |
Transformer
network

customized scores!
(optimized for analysis)

train an NN
equivalently, this means to replace then
retrain the last layer

use the
hidden layer

This is a fine-tuning approach (specifically, transfer learning)
in its equivalent form
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CMS’s path to develop Global Particle Transformer

.' Phllosophy to develop Global Partlcle Transformer (GIoParT) in CMS

« Whatis p? - the “differential cross section” of a processA on
very high-dim space
density estimators . discriminating process A vs. B: estimate p,(X)/py(X) as best as
we can
« need a model to cover a variety of processes A, B, C, D, . ...

Good probability

B =SM B = BSM
A= BC e w T q/g b t Ny ZIW H

e Z R R LQ LQ LQ L~ L L

1 Z' R LQ LQ LQ L* L* L* 1000
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- a/yg zZ W T Qf QF Q' — GPT-3 (175B)

b VA w’ Q* Q* B’ E 100 Megatron-Turing NLG (530B
- 7 o Many g e
O H H Z g Megatron-LM (8.3B

Z;W H Hf/[;l .g ¢ (8:38) Turing-NLG (17.28)
H H o 10
. . . . % 1 GPT-2 (1.5B)
7 Consider just the di-object Man >
. search for resonantA— B C y 3 BT g AT
ELMo (94M) d I I‘
J.Kim et al. JHEP Model sca Ing up
04 (2020) 30 Generalization :
1907.06659

ability

 one upstream pre-training, broad downstream applicability
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